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Abstract (for dissemination): 
This document provides a detailed description of the recommender system specifications and prototype. The 
recommender system was designed on the basis of the scientific results reported in Deliverable Metrics for 
resource-user matching (D4.2) and is an integral part of the pilot deployment of the Share.TEC system 
(described in D5.5). The pilot system will be used as a test-bed for several pilot experiments and massive 
involvement of real users. Specific evaluation of the system is planned and will be performed during months 
20-24, in order to collect enough information and use it for the final development of the Share.TEC system, 
due at month 36. 
Keyword List: 
Recommender system, Teacher Education, Ontology, User Functionality, User Interface 
Recommender system Share.TEC 
 
 
3 
Contents 
Figures and Tables ................................................................................................................... 4 
1 Introduction ........................................................................................................................ 5 
2 Adaptivity in Share.TEC ................................................................................................... 5 
2.1 Overview of Adaptivity approaches ......................................................................................................... 5 
2.2 Overview of Recommender systems ...................................................................................................... 14 
2.3 Adaptivity Features ................................................................................................................................. 17 
2.4 Using metrics for adaptivity implementation .......................................................................................... 22 
3 Recommender system: specifications and prototype .................................................... 38 
3.1 Examples ................................................................................................................................................ 38 
3.2 Implementation of the recommender system .......................................................................................... 40 
Acronyms ................................................................................................................................ 45 
References ............................................................................................................................... 46 
Recommender system Share.TEC 
 
 
4 
Figures and Tables 
Figure 1 Global adaptivity model ............................................................................................... 6 
Figure 2 Adaptivity architecture ................................................................................................ 8 
Figure 3 Stereotype adaptivity architecture ............................................................................. 10 
Figure 4 Ring adaptivity architecture ....................................................................................... 11 
Figure 5 Ring capacity N=6 ..................................................................................................... 13 
Figure 6 Disadvantage of ring capacity .................................................................................... 13 
Figure 7 Ring radius R ............................................................................................................. 13 
Figure 8 Possible example of stereotype usage ........................................................................ 16 
Figure 9 The similarity relationship is not symmetrical........................................................... 17 
Figure 10 Level of adaptivity ................................................................................................... 20 
Figure 11 Calculation of User-Distance Personal Relevance Metric ....................................... 30 
Figure 12 Calculation of Explicit Data-Distance Metric ......................................................... 32 
Figure 13 Searching without ranking ....................................................................................... 33 
Figure 14 Searching with basic ranking ................................................................................... 34 
Figure 15 Ranking process ....................................................................................................... 35 
Figure 16 Finding ring .............................................................................................................. 36 
Figure 17 Relationships between Taste components in user-based recommender .................. 42 
 
 
Table 1 Comparing entities of metadata .................................................................................. 23 
 
Recommender system Share.TEC 
 
 
5 
1 Introduction 
The goal of this document is to provide a detailed description of the Recommender system in the pilot 
deployment of the Share.TEC integrated system. To contextualise this description, Chapter 2 presents 
a study on adaptivity and available approaches for recommendation systems. This serves as a bridge 
between the scientific research on metrics (Deliverable D4.2 [5]) and the approach chosen and used 
for the development of the Share.TEC recommendation system. The recommendation system itself is   
described in detail in Chapter 3.  
 
2 Adaptivity in Share.TEC 
This chapter presents a study on adaptivity and available approaches for recommendation systems that 
aims to serve as a bridge between the scientific research on metrics (Deliverable D4.2 [5]) and the 
approach chosen and used in Share.TEC system for the development of the Share.TEC 
recommendation system. 
The first subsection describes several approaches to adaptivity including possible functionalities and 
architectures. Two main approaches are discussed – stereotypes and similarity rings. Other subsections 
describe the recommender system, provide details about various adaptivity features and discuss the 
implementation of adaptivity in Share.TEC. 
2.1 Overview of Adaptivity approaches 
2.1.1 Definitions 
There are 3 general interconnected issues which are discussed in this chapter. They are: adaptivity, 
user modeling, and recommender system. 
DEF 1  Adaptivity is the overall feature of the system to adapt to the user. This 
adaptation could be controlled explicitly by the user (i.e. customization) and 
implicitly by analyzing user behaviour and interaction with the system (i.e. 
personalization). Adaptivity encompasses collection statistics about the 
user, building a user model, analyzing knowledge emerging from this 
model, determining how the system can adapt better to the user and finally, 
the actual adaptation.  
DEF 2 User model is a set of data describing the user and algorithms that generate 
and use these data.  The user model is a virtual representation of a user and 
is used to provide adaptivity.  
DEF 3 Recommender system is responsible for applying some of the system 
adaptivity taking into consideration the user model in order to, for instance, 
rearrange the ranking of the resources selected in response to a repository 
query. 
These are not fixed and complete definitions and to some extend they only formalize the concepts 
discussed in next sections. Various sources provide different definitions of these terms, which overlap 
to some extent to the ones used in the deliverable, but are not the same. 
According to Barra, Negro and Scarano adaptivity is ―the ability to be aware of user's behavior so that 
it can take into account the level of knowledge and provide the user with the right kind of documents‖ 
[10]. Other authors, like Norvig and Cohn, mention about adaptive systems where ―much of the 
searching may go on when the user is not even logged in. The application does more on behalf of the 
user without constant interaction, and the sophistication comes from a splitting of responsibilities 
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between the program and the user‖ [11]. User models is ―a representation of a user that captures goals 
/ tasks, knowledge / background / experience, interests, traits/cognitive styles (holist, serialist) and 
context of work‖ as described in [12] and it could be empirical and analytical. Within Share.TEC the 
main focus is on empirical user models. 
2.1.2 Adaptivity at a glance 
The global adaptivity model is represented in Figure 1. Two of the boxes represent definitions DEF 2 
and DEF 3, while the whole picture represents definition DEF 1. 
 
 
Figure 1 Global adaptivity model 
As shown in Figure 1 the Share.TEC adaptation is an iterative, continuous process. It runs throughout 
the lifetime of the whole system. As users interact with the system, it collects more data about their 
preferences and goals and fine-tunes itself better. 
The main goal of this continuous process is to converge the virtual model of a user to a model that can 
provide sufficient data for adequate adaptation. However, this process can capture sharp shifts of 
user’s behaviour and refine-tune itself considering the new situation. For example, a user with general 
interest in Mathematics may apply for a job as history teacher. This will affect her/his interests and 
even if she/he does not change her/his preferences, the system could be able to recognize this shift in 
interest and build a new adaptation target. 
Of course re-adaptation cannot be done immediately. The system will need some time to monitor and 
collect data in order to have its behaviour change. 
2.1.3 Adaptivity architecture 
To design Share.TEC adaptivity the whole process must be clustered into processes and data. One 
possible grouping is represented in Figure 2. Round boxes (green) correspond to processes, boxes with 
turned up corners (red) correspond to data. 
The central block named User interface represents the Share.TEC system as perceived by the user – 
i.e. the user interacts with Share.TEC only through the user interface. The two main user’s activities 
related to adaptivity are setting the preferences and searching for digital content. 
When a user sets the preferences (like language, topic of interest, etc) this information is stored in the 
model of this user. Every user will have its own model containing three clusters of data: 
 explicit preferences which are defined manually by the user and they are used to support 
system customization. 
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 implicit preferences which are defined automatically by the system by analyzing data about 
user behaviour and his/her preferences. Most likely it would be too hard and slow to analyze 
the raw statistical data in the users’ logs, so these data could be ―predigested‖ into user 
behaviour data. 
 user behaviour data which are generated from the raw user statistics or their aggregated 
version. User behaviour data contains data about user behaviour, which is suitable for being 
analyzed in order to build user’s implicit preferences. This is an intermediate data 
representation which may or maynot be stored. 
Searching (and filtering) the repository produces two clusters of data. The obvious cluster is the list of 
search results and the user can browse its elements, open those which he/she is interested in, and even 
comment or annotate resources. All these activities (searching, browsing, opening, annotating) 
contribute to a second cluster of data which is build and processed ―underground‖ – i.e. the raw user’s 
statistics. This cluster contains unprocessed data like searched keywords, found results, opened 
records, written comments and annotations, rating, etc. 
To make use of these data they must be aggregated and processed into a representation form that 
describes the user behaviour. As explained earlier, these data will be analyzed to generate user’s 
implicit preferences. 
The last set of elements of the adaptivity architecture is the one related to the recommender system. 
These elements use data from the user model, namely, the explicit and the implicit user’s preferences 
and decide how to accommodate the system functionality and behaviour in order to match better to 
these preferences. 
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Figure 2 Adaptivity architecture 
The recommender system is composed of several modules (or services) that control different aspects 
of the adaptivity. The customization module is responsible for adapting the user interface. This 
includes (but is not limited to) language preferences and layout/colour schemes. The module for smart 
filtering provides additional filters depending on user’s interests (either explicitly stated in his/her 
profile and implicitly deduced from his/her activities). This module will also provide default or initial 
values for some filtering criteria. The ranking module will affect the sorting order of the searched 
results in a way to place higher those records, which are likely to represent user’s intentions. 
The architecture represented in Figure 2 is relevant to the system adaptivity towards individual users, 
i.e. without taking into consideration collaborative behaviour, community interests and special interest 
groups. 
2.1.4 Group adaptivity 
The adaptivity architecture described in the previous section is based on the personal preferences of an 
individual user and his/her interaction with the system. Group adaptivity is the adaptivity which 
affects the interaction with a single user but is affected by the interaction of many users. This is the 
primary method of forming virtual stereotypes or clustering users into groups.  
USER MODEL 
 
R
E
C
O
M
M
E
N
D
E
R
  
 S
Y
S
T
E
M
 
 
Setting 
Preferences 
 
Searching & 
Filtering 
 
Implicit 
Preferences 
Search 
Results 
Browsing & 
Opening 
Explicit 
Preferences 
Raw User 
Statistics 
Custo-
mization 
Smart 
Filtering 
 
Ranking 
Sorting 
 
Aggregate 
Data 
 
User 
Behaviour 
User 
Analysis 
 
Annotating 
Commenting 
 
Digital 
Content 
User 
Interface 
 
Recommender system Share.TEC 
 
 
9 
2.1.4.1 Stereotypes (excplicit)  
A stereotype is considered to be an aggregated and balanced profile of a group of users. If two people 
have the same stereotype, then they belong to the same group and they behave similarly and have 
similar interests. 
This section describes explicit stereotypes – these are stereotypes which exist and are managed as 
explicit entities. 
To ensure consistency and completeness, a function should be defined that takes a profile and returns a 
stereotype: each profile falls in exactly one stereotype. The set of stereotypes has to be initialized ―by 
hand‖ but should allow for a degree of flexibility to accommodate unforeseen stereotypes. A new user 
is associated to a given stereotype according to her/his explicitly provided data (if available), or to 
some default option, but can automatically migrate to another stereotype when her/his activity changes 
the profile. 
As the set of stereotype is unlikely to accommodate the whole possible range of profiles, we should 
probably allow for a ―catch all‖ stereotype to be associated to unexpected user profiles. However, this 
catch all stereotype should be periodically monitored to ensure that not too many users fall in this 
category, in which case the stereotype set would need a re-organization.  
The system can use the stereotype structure to adapt its behaviour to a specific user.  
Some of the challenges of designing and implementing stereotypes are that they are dynamic and they 
require extensive review. The dynamic nature of stereotypes is caused by the dynamic nature of user’s 
interests and behaviours. During the use of Share.TEC a user may drift from one stereotype to another, 
as well as become a member of several stereotype groups at the same time. To generalize the user 
behaviour we could assume that the user matches all stereotypes to some degree of affiliation. The 
degree of affiliation should be metricised. As example the metric could be the Cartesian space of 
stereotype parameters. Thus the number of parameters will determine the dimension of the space. In 
this space a given stereotype is modelled rather as nebula embracing number of points than just a 
single point. The affiliation of some user to each of the stereotypes would be the Cartesian distance 
from the point where the user is to the point which represents the center of the given stereotype 
nebula. 
The extensiveness is related to the data processing requirements of finding and updating stereotypes. 
A higher number of active users will cause slower determination of stereotypes. 
The overall architecture of the group adaptivity is presented in Figure 3. The behaviour of all users is 
analyzed and clustered (grouped) into stereotypes which affect some of the preferences of individual 
users. 
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Figure 3 Stereotype adaptivity architecture 
The impact of stereotypes on the user would be expressed in several ways, the most apparent one 
would be recommending digital content which the user has not specifically requested, but this content 
has been requested by other users which are similar to the first user. 
2.1.4.2 Stereotypes (similarity rings) 
The main problem with stereotypes is the proper clustering of non-numerical sets of data (i.e. the 
users’ profiles). Except for the modeling difficulty, this approach uses extensive amount of resources 
(like the profiles of all Share.TEC users). 
An alternative approach is to define similarity rings – Figure 4, i.e. if a group of users is within the 
ring of a given user then these users are considered to have similar interests and behaviours. 
According to the literature, a useful conceptual tool here is Pearson’s r coefficient [13], which 
measures the dependence between two variables. Collaborative filtering [14] relies on the Nearest 
Neighbourhood approach [15], where ―The distance between the target user and every other user is 
computed and the closest-k users are chosen as the neighbours‖. 
The architecture of a group adaptivity based on similarity rings is initiated by the profile of a single 
user (i.e. every ring is user-centric). A ranking system will rank the similarity of all other users with 
respect to the first users and the profiles which are closer than a certain threshold are considered within 
the user’s ring of similar users. 
The preferences of all found users can be aggregated into a set of ring preferences which can affect the 
individual preferences of the user, and thus it can affect the recommender system. 
The dotted line in Figure 4 designates that the aggregated profile of the ring could affect the patron-
user, but it may also affect the preferences of the whole group. This could apply mainly for a set of 
users for which each user is in the group of each other user. 
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Figure 4 Ring adaptivity architecture 
The main benefits of the ring approach are: 
 Comparing user profiles is done in a similar way as comparing user profiles and digital 
content profiles; 
 Rings are user-centric – i.e. every user has his/her own ring of similar users; 
 Users can control the formation of rings by determining which metadata fields are important 
and which are not; 
 The size of the ring can be dynamically changed by raising or lowering the ring similarity 
threshold; 
 The size of the ring could be also determined by the number of members (e.g. the closest 100 
users); 
 Rings are much easier to calculate and require less computational resources; 
 Rings implement fully the idea of using actors’ profiles as digital content. Forming a ring 
around a given user is equivalent for this user to make a search within the other users’ profiles 
Although rings provide all functionalities which are reportedly expected by stereotypes, they are also 
means of implementing true stereotypes in case the consortium moves to such decision. Namely, a 
group of users whose rings are identical (or overlap to a certain degree) could be considered to form a 
cluster defining stereotype. At least two types of clusters exist in user stereotype space. One is user 
centric and surrounds a specific user. The other is stereotype centric and represents nebula like areas 
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where the user density is sensibly higher than in other areas. The user density is defined by the number 
of users per given quantity of space. Examples of the stereotype clusters could be those where the user 
density is more than the average for the whole space. 
One of the basic disadvantages of similarity rings is that they do not provide any solid and persistent 
grouping of users. Groups are merely a virtual quality that is calculated on-demand and is hard to 
analyze in a way that support social networking. 
2.1.4.3 Group adaptavity and the social network 
Group adaptivity (either based on stereotypes or rings) has the main goal to provide additional 
information to the recommender, so that this system can provide more adequate suggestions to the 
individual user. 
Apart of this, the group adaptivity can foster the social network within Share.TEC by bridging 
between similar users and groups of users. In this context the recommender system can expand its 
purpose by recommending not only potentially relevant digital content, but also potentially suitable-
for-contact users. The social network is definitely based on the social activities of users, so the 
strength of social contacts depends entirely on users. However, the system can just recommend and 
initiate such contacts. 
2.1.5 Similarity group design 
2.1.5.1 Parameters 
Grouping user profiles according to their similarities should allow for the identification of stereotypes. 
The most feasible approach is to implement the similarity rings – a kind of implicit emerging 
stereotype. They provide a lot of benefits (see section 2.1.4.2 Stereotypes (similarity rings) for details) 
and their implementation can reuse algorithms and techniques used by the ranking. 
A similarity ring for a given user is defined as the set of all user profiles which are close to the given 
user’s profile in respect to a predefined metric. The process of determining the similarity ring can be 
based on hints, provided by the user. 
 Ring capacity N (integer number).  
This parameter defines the number of members in the ring. When similar users are being 
found, only the top N are considered as members of the ring. 
 Ring radius R (floating point number)  
This parameter determines that every profile which similarity is R or greater is considered a 
member of the ring. 
The ring capacity parameter has the benefit of telling the system how many similar users to look for. 
Figure 5 shows a situation when N=6. The black circle is the primary user for whom the ring is being 
formed. Light circles are the members of the ring and are the 6 closest circles to the black circle. This 
method has an implicit protection against defining an empty ring. Actually this may happen only if 
there are no other users in the system. 
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Figure 5 Ring capacity N=6 
By increasing and decreasing the desired ring capacity the user can control the size of the ring. 
Unfortunately defining a ring by its capacity has a drawback of grouping profiles which are not 
similar. If a user is unique in some respect, then when the system looks for fixed number of similar 
profiles it may return several non-similar just because there are no others. As illustrated in Figure 6, 
profiles of users 3, 4, 5 and 6 are included in the ring although they are not similar to the main user. 
 
 
Figure 6 Disadvantage of ring capacity 
This discrepancy is result of the difference between psychological and mathematical similarity. The 
solution is to provide a threshold which determines how much mathematical similarity is 
psychologically felt as similarity. This threshold is the ring radius R – Figure 7. 
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When similarity is expressed as numbers, all profiles which similarity is under the ring radius R are 
considered as members of the ring. The user can shrink or expand the ring to change the number of 
members. By using ring radius the user is aware of the level of accepted similarity. If the ring capacity 
is fixed then (as example N=6, Figure 5) the level of similarity could be estimated by density of users. 
As we previously defined the user density is the number of users stuffed in a given space. In this case 
the number of the users is fixed hence we could change only ring radius. If the radius decreases, then 
the user density increases therefore similarity between them is higher. As no absolute metric exist in 
this case we could compare the personal density of user spaces among each other or with some 
average value (all users / whole space). Thus we are able to define non-dimensional metric of 
similarity S as: 
S = personal density / average density; 
If S is less than 1 less similar users are in personal space and vice versa. By definition similarity is 
distance between users so the number of users should be more than 1. 
This approach is applicable even all the metrics are binary, i.e. looking at Figure 7 the users are 
located on the vertices of a square (because the two metric size of user space is 1 x 1). Ultimately it 
could be a hypercube with a size of 1. 
Unfortunately this approach also has disadvantages. If the ring radius is too small, then it could be 
empty, but this is not a problem by itself, because it just says ―there are no similar profiles‖. The 
problem is when the radius is too big and the ring spans over many profiles. This may cause 
performance problems, because it will increase the workload of the system without providing much 
more accuracy of recommending. 
2.1.5.2 Application 
When both parameters are combined, their disadvantages can be outrun by the benefits. If the user can 
set both parameters, then he/she would be able to provide more sophisticated definition of a ring. 
Possible combinations including the two uncombined cases are: 
 N = n : Return exactly top n similar profiles independent on their similarity 
 R ≤ r : Return profiles within closer than r independent on how many they are 
 N ≤ n and R ≤ r : Return at most n similar profiles which are within radius r. If there are more 
profiles, only the top n will be returned. If there are less profiles, then all will be returned. 
 N ≥ n and R ≤ r : Return at least n similar profiles which are within radius r. If there are less 
profiles, return some that are beyond r (thus breaking the constraint R ≤ r). If there are more 
profiles, then return all of them. 
Stereotypes which are implemented as rings appear to be something beyond the scope of user 
interaction with the system, i.e. there is no compelling reason for a user to manipulate N and R 
parameters if they are used only for this purpose. This is because the Recommender System is 
supposed to work as autonomously as it is possible. Thus the actual values for N and R might be set 
explicitly and be fixed in the system (and invisible and non-modifiable by the user). This supports the 
transparency of the recommender. 
However, the rings of similar profiles used for Share.TEC adaptivity could also be the rings that 
contain users most likely to become collaborators and form a social network with the given user. In 
this case users will have benefit from accessing and changing N and R. This access can be categorized 
as an advanced feature. 
2.2 Overview of Recommender systems  
Recommender Systems (RS) provide support for the effective choice of interesting content out of a 
huge set of elements, working on the opinions of a community of users [16]. Recommender systems 
have been developed in the field of e-commerce to assist users who, when looking for interesting 
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products or useful information, together with the bare results of their queries also obtain some advices. 
The suggestions may rely on product features or on community behaviour. Some RS incorporate 
explanations (i.e., on request they can explain the reasons for a particular suggestion, in order to 
increase their level of trustworthiness). 
RS rely on a number of techniques [18]: 
 Collaborative filtering 
o User-based: users who chose the same items probably have the same preferences 
o Item-based: items rated similarly by users are probably similar 
o Stereotype-based: users with similar attitudes are matched 
 Information-based techniques 
o Case-base reasoning: if a user likes certain items, she will probably like items that 
share the same attributes 
o Attribute-based: matching of item attributes to the user profile 
Best results are usually obtained by hybrid techniques, where two or more approaches are combined. 
RS are often evaluated on the quality (accuracy) of their suggestions. It can also be valuable to 
measure how often the system leads its users to wrong choices. Users can express the perceived 
usefulness of the RS indications by answering to explicit questions (―was this item worth exploring?‖) 
and/or by silently counting the times a suggested resource has been downloaded or visited: the bottom-
line measure of RS success should be user satisfaction [16]. However, it seems that a rate error of 
about 15% is to be considered the best performance of a well-tuned RS. 
RS base their functionality on a user model aimed at representing user characteristics and needs. A 
need is a constraint posed on the value of the resources the user is likely to be seeking: it can be used 
as a default value for querying the repository and identifying those resources that fulfil that need. 
A widely used approach is to represent user stereotypes, i.e. a set of relevant profiles (defined a-
priori) that represent ―typical‖ users: individual, concrete instances will be compared with these 
stereotypes to identify the (approximate) best match. Some primary features of stereotypes were 
discussed in 2.1.4.1. 
Stereotypes are something similar to classes in the object oriented programming paradigm. They 
might provide partial definition for a set of users, in that whenever a particular descriptive element of 
an instance user is not available, it can be inferred from the class the user belongs to. This can be 
useful whenever it is not practicable, nor feasible, to ask new users to explicitly provide a lot of 
information about themselves, and the easiest way of inferring these info is to inherit them from their 
class (category, stereotype etc.) Stereotypes can also be useful in representing groups of users, which 
can be very useful when dealing with communities. 
The network shown in Errore. L'origine riferimento non è stata trovata. (adapted from [17]) 
represents a possible example of usage of stereotypes in the context of the Share.TEC project. For 
instance, a user who belongs to Stereotype 1 is a teacher educator who operates in a SISS, that is an 
Italian public institution devoted to the intial training of secondary school teachers. Her tasks typically 
include preparing face-to-face lessons in Italian, and setting up online activities that might involve 
foreign student teachers too. Thus, a preference can be expected for specific digital content types and 
languages, which can be used as default values for some query parameters. 
Here arcs could be endowed with a numeric weight, so to differentiate the likelihood of a relation and 
feed with information the metric mechanism. 
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Figure 8 Possible example of stereotype usage  
The representation of stereotypical needs produces a set of query templates where some of the filters 
get default values. For example (see Errore. L'origine riferimento non è stata trovata.) if the 
system can infer from the user profile & behaviour that a typical need of hers is the design of f2f 
lessons, a tentative query could be shaped that specifies default values for the digital content type, 
language and maybe other elements. Such a query can be used to support the user in the process of 
explicitly querying the repository, but can also inform the recommender engine on material that might 
raise the user’s interest. 
The set of stereotypical users is to be initially defined ―by hand‖, then improved and refined on the 
basis of the actual users’ behaviours: data-mining procedures can notify the administrators when user 
profiles emerge that do not adequately match any stereotype. 
In Share.TEC, stereotypes are considered in a more flexible way, seeking to take advantage of history-
based data while preserving time responsiveness of the application. An alternative approach in 
Share.TEC is ―similarity rings‖, also known as the Nearest Neighbourhood approach. Similarity rings 
are described in section 2.1.4.2. 
Stereotypes and similarity rings, although very close, are complementary approaches whose 
differences can have an impact on the recommender features. Stereotypes are dynamic and require 
extensive review, which (as far as it can be automated) can be carried out periodically as a background, 
low-priority task. The ―is-a‖ relationship linking an instance user to its stereotype is to be considered 
dynamic as well: as more information becomes available on the behaviour of a given user, it might 
turn out that he/she would be better represented by a different stereotype than the one initially 
considered, thus calling for a shift of stereotype. The initial collocation of a new user in her/his proper 
stereotype might be quite arbitrary, to be subsequently fine-tuned; a sort of ―catch all‖ stereotype 
might be needed, to accommodate new users as long as specific information on them is lacking. Above 
all, stereotypes computational demand grows exponentially with the cardinality of the user population. 
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On the other hand, stereotypes can be directly used to represent user groups, whereas similarity rings 
are not groups. If user B is within the similarity ring of user A, this does not imply the reverse: user B 
might have enough users that are closer to her/him than A is. With reference to the similarity rings 
description proposed in section 2.1.4.2, consider the case when rings are defined by their capacity, say 
to be = 5. As shown in the Figure 9, user B belongs to the ring of user A, but not the other way round: 
user A is not in user B’s ring. 
 
 
Figure 9 The similarity relationship is not symmetrical. 
So rings do not represent groups, nor they can help in assigning default properties, unless some kind of 
heuristics based on ―closeness-based inheritance‖ is implemented: whenever a property of a given user 
A is unknown, if the corresponding property is known, and homogeneous, for users belonging to 
her/his ring, than it can be ―propagated‖ to A. Of course, prototypical user profiles could be included 
into the similarity ring approach, representing ideal (instead of real) users – but this would be a return 
to the stereotype approach, in a sort of classless object oriented fashion. 
2.3 Adaptivity Features 
This section enumerates and describes various features of adaptivity from user point of view – i.e. how 
a typical user will experience Share.TEC adaptivity. This list is not intended to be a list of features that 
must be implemented in the system. Factors like computational power, storage limitation, algorithmic 
complexity and data availability may cause some of these adaptations to be unsupported. 
The Share.TEC system is using Adaptivity approaches for the implementation of the following three 
Adaptivity features: 
1. Adaptation of the user interface (based on the explicit user preferences, given in the user 
profile) 
2. Adaptation of the presentation of the search results, shown to the user (based on the explicit 
user preferences; or on the implicit preferences calculated by the system on the base of the 
user behaviour and statistic data available) 
3. Specific recommendations to the user about resources and social interactions (based on the 
explicit user preferences; or on the implicit preferences calculated by the system on the base of 
the user behaviour and statistic data available) 
Adaptation of the user interface and presentation of search results are described in Chapter Errore. 
L'origine riferimento non è stata trovata., Recommendations about social interactions are presented 
in Chapter Errore. L'origine riferimento non è stata trovata., while the specific recommendations 
about resources that are given to the end users of the system are explained in Chapter 3. 
2.3.1 A note on adaptivity 
The adaptive behaviour of the Share.TEC system is mainly (although not exclusively) aimed at 
identifying those digital resources that better suit the users’ needs, without asking them to enumerate 
the requirements in detail. Whenever possible, users are spared the trouble of explicitly expressing 
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these needs as query parameters; the values are inferred from the user model. A tension exists between 
a user’s general and historical characteristics and his/her momentary interests, which may vary in 
accordance with context shifts, either temporarily or permanently. In this perspective, it should always 
be possible for a user to disregard the system suggestions, which ought to be presented in the form of 
default values for query fields that can be manually altered (see Sect. 2.3.3.1). 
2.3.2 Overview of Interface customization 
User interface customization is a kind of adaptivity which is explicitly controlled by the user and is 
stored in the user profile. User preferences that affect interface customization are described in the next 
subsections and with more details in chapter 6. 
2.3.2.1 Interface language 
The system supports several ways to change the interface language, manually by using the field 
―Language‖, automatically depending on the user's profile and automatically depending on the default 
browser’s language, unless otherwise specified. 
Using the system as a guest the user can manually change interface language by field ―Language‖ 
situated in the top right corner of the screen. It is drop-down list from which the user can select the 
preferable interface language. This change in language can be used both by unregistered and registered 
users. Registered user can use this method to change the language and when he/she is logged into the 
system, the field “Language” is located in the same place in his/her personal page. 
In the registration form there is a field named ―Working language‖ where the user can select the 
preferable language. This language will be used as the default interface language when loading his/her 
personal page. When a user login to the system, he/she can change interface language by using the 
settings from the page “Personal profile”, subpage “Personal information”. 
Manual interface language change is temporary. It is not saved when the user logs out from the 
system. At the next logon interface language will be determined according to the personal profile of 
registered and logged in user.  
Automatic change in the interface language according to the profile is permanent. When the 
registered user specifies the working language during registration or modifies it in the personal profile 
settings, the selected language will be used by the system automatically for visualizing his/her 
personal page, regardless of its default browser language settings. 
Defining the interface language according to the default browser language is used automatically by the 
system in cases when the user is unregistered or when the registered user has not defined her/his 
interface language during registration or later. 
2.3.2.2 Skins, colours 
The system provides adaptability to the user giving an opportunity to change settings of its personal 
page according to text font, style, size and text and background color. Those changes can be made 
using the settings of page ―Personal profile‖, subpage ―Preferences‖, section ―Page appearance‖. 
2.3.2.3 Information blocks 
The adaptability of user view to the information provided by the system is done by explicit 
preferences. The system has options for displaying different sections of additional information on the 
user’s front page, which may be of interest to the user. These are the sections ―Recently added‖ and 
―Recently visited‖, whose elements can be selected from page ―Personal profile‖, subpage 
―Preferences‖. The user can choose which sections will be displayed on the front page such as – last 
news from Share.TEC, list with the last added resources of its Area of interest, list with the last added 
annotations to resources of its Areas of interest, list with new registered users with the same Area of 
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interest, notifications for new messages from other registered users and list with last visited from the 
user resources. All these elements can be selected or deselected by the user and become visible or 
invisible on her/his front page, depending on hir personal preferences. 
2.3.3 Searching and filtering 
The query system behaviour can be modelled as follows: 
1. a query Q is received by the query engine 
2. Q is analyzed, and new user model information P is extracted 
3. Q is executed in the repository, yielding result set R 
4. If the number of resources |R| is under a pre-determined threshold, Q is transformed into Q’ by 
relaxing some of the filters posed by the user. Q’ is executed in the repository, yielding R’. 
Additional results, i.e. {R’ – R}, are ranked lower in R’. In this way resources that exactly 
match the requirements explicitly expressed by the user receive higher priority. 
5. Otherwise, if |R| is already satisfactory, R’  R. 
6. R’ is shown to the user. 
7. The user model is updated to take into account info P. 
2.3.3.1 Simplified and complete query masks 
The advanced query function provides users with a mask (form) to specify parameter values for the 
CMM metadata elements: they are used by the query engine to select (filter) those metadata records 
that exactly match the required values. 
Parameters in the advanced query mask can take intial values depending on the preferences stored in 
the user profile, the history of the user interaction, and the information associated to the similarity ring 
the user belongs to. 
The advanced query mask can be presented to the user in two modes: 
 Complete: all the CMM elements are shown, possibly with preset values that the user can 
change 
 Simplified: those elements that have been assigned a default value by the system are hidden 
from the user 
In the simplified mode the user relies on information provided during previous interactions that is 
likely to remain constant in time: e.g., teaching practice context, professional background, language 
preferences, etc. Users can always switch to the complete view to alter these preset values. 
2.3.3.2 Customizing Details 
This customization defines what metadata fields are of interest to the users and these fields will be 
shown embedded in the search list together with the name of the resource. For example, some users 
may prefer to know at a glance the content provider; others may prefer to know the authors’ names. 
2.3.3.3 Re-sorting 
This customization is available while the user get result list from a query. The effect is that the list 
could be reordered not according to the relevance, but to date, location, etc. 
The system allows the user to rearrange the search result list of query depending on its preferences. 
The result can be sorted by Author’s name, Title and Rate, by using the field Sort by and button Sort, 
situated in the top right corner of the search result list, next to the link Filtering. 
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2.3.3.4 Adaptive basic search 
Basic field of search are personalized – for example, the 5-6 most used fields for searching are placed 
in the Basic search of the user. As a result, the basic search will be different for each user. Initially 
they can start with a preset list of basic metadata filters.  
2.3.3.5 Similar documents 
Option to ask the system to find other documents similar to specific document (i.e. searching by 
example) comparing only their metadata records. 
2.3.3.6 Level of adaptivity 
This customization allows the user to specify what level of adaptivity he/she requests for the returned 
search results. Levels might be: 
 No adaptivity – results are returned as they are (in machine-dependent order). This option 
provides the results in the fastest possible way 
 Basic adaptivity – results are returned in respect to metrics based only on the result metadata 
and the query metadata. This option provides relatively fast results, and they are sorted 
according to the relevance to the query. However, user’s preferences and interests are not 
considered. 
 Full adaptivity – results are returned ordered according user preferences, interests and history. 
This option provides the most accurate ranking at the cost of performance. 
The level of adaptivity can be provided as an advanced option, however for novice users ―Full 
adaptivity‖ could be set as a default level of adaptivity if the performing cost is affordable. 
The user interface for this option is relatively straightforward: 
 
 
Figure 10 Level of adaptivity 
2.3.4 Recommender system visualization 
In this section we are going to discuss how to visualize the recommendations to the user. Share.TEC 
recommender system should provide the following main functions in order to help the user to locate 
the most appropriate TE resource according to the user profile and history of activities.  
2.3.4.1 Ranking 
Provide personalized ranking of results. It could be several different ranking schemes, eg. Numeric 
value in some range (say 1-100 or 1-10), star ranking system, using bars for ranking; etc.The user 
could be able to select the type of ranking to be used. The choice of the ranking scheme usually is 
reserved to advanced users. 
Level of adaptivity:  
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2.3.4.2 Relevance indicator 
This is something attached to each returned result and shows how relevant this item is to the query. 
The indicator could be a percentage number, a ―progress bar‖, or a colour legend. This is also related 
to ―feedback‖ sections – users can vote on whether the relevance factor is adequate. 
2.3.4.3 Recommended tags 
Tags accompanying each search results denoting that it is recommended by other users of similar 
interests. Recommendation tags could be several: 
 Recommended because of lots of clicks of all users 
 Recommended because of lots of click of similar users 
 Recommended because of closeness to the user profile 
The real recommendation could be also a combination of the previous items. 
2.3.4.4 Recommendations 
The recommender system can recommend different things (say, the 10 most highly ranked resources 
from users in the same cluster/ring/group as the current user; or the 5 more viewed resources, etc.) 
This also can be chosen from the user (what he will want the system to recommend to her/him). These 
recommendations will appear at the user’s home page. Also, we can recommend the 10 users who are 
more closed to the current user based on her/his preferences, or on the history of searches/used 
resources, or on something else. 
2.3.4.5 Explanation 
Description of how the system will explain its automatic adaptive decisions. E.g. broadening search 
criteria because of membership in specific stereotype or similarity group; or explaining why a piece of 
new is shown to the user. This functionality relies on collaborative filtering, information-based 
techniques and on hybrid techniques, see 2.2 for details. 
2.3.4.6 Feedback 
As described in 2.2 RS are often evaluated on the quality (accuracy) of their suggestions. It will be 
good to have a feedback from the end users, taking into account all the stored history from her/his 
experiments. On the base of this history and the feedback provided, we can really understand what is 
going on. 
2.3.5 Social network functions provided by the Recommender system 
This section describes briefly the social network features which can be extracted from the adaptivity 
approaches described in section 2.1. These features capture inter-user relations in terms of propagating 
information about profiles and interests among users. These features are provided by the 
Recommender System. 
2.3.5.1 Find similar users 
Description of the process of finding users with similar interest and behaviour. This uses the 
stereotypes/similarity rings, however, the interface should hide all the complexity of this process and 
should provide a user-friendly way of this searching. 
The system provides to user the ability to search for other users. This search can be done on various 
parameters, depending on who is looking for and what initial information is available, for example, the 
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user may search for a specific user in her/his username or e-mail address or for group of users in the 
same country, city, or school type, or by their area of interests. 
2.3.5.2 Find items by similar users 
Description of searching for digital content that is considered valuable according to users with similar 
interests and behaviour. 
2.3.5.3 News about users 
News section aiming to announce new users with similar interesst to a given user. It is like if a user 
can set a trigger ―notify me if someone similar to me joined Share.TEC‖. 
2.4 Using metrics for adaptivity implementation 
Possible metrics that can be used in Share.TEC are described in deliverable D4.2 [5]. The actual 
metric to be used in Share.TEC could be a combination of several of these metrics. The most 
important feature of metrics, that makes them applicable to the system are: 
 A metric compares two sets of non-numerical data and returns a number representing the level 
of their similarity (or difference). This is a crucial feature, because numeric results can be 
processed faster. 
 The possible numerical results must provide enough details in terms of granularity. This 
feature ensures that it would be possible to distinguish between similar pairs and less similar 
pairs. The actual bounds of the result interval are not that important. Also, normalization of 
the metric is not important (although it is useful). 
 It is important to have a metric that uses as few raw data as it is possible. 
 It is important to have a metric that calculates scores fast (i.e. it either has a low algorithmic 
complexity, or is based on off-line aggregated data, or both). 
In addition to these requirements, the metric must be able to calculate the similarity of pairs of objects 
containing compatible metadata fields: 
 User profile – user profile. This case is used to form the stereotypes. 
 User profile – query. This is used for adaptive searching and ranking. 
 Digital content – query. This case is used for non-adaptive searching and ranking. 
 Digital content – user profile. This is used by the Recommender system. 
Pairs are ordered, i.e. ―digital content – user profile‖ is different from ―user profile – digital content‖. 
The difference is the way the metric is used. In the first case a given digital content is compared 
against all user profiles; in the second – a user profile is compared against all digital content entities. 
The following Table 1 summarizes these relations. Each type (digital content, user profile and query) 
is represented as a set of metadata values. Mapping is done only using these metadata values. 
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Table 1 Comparing entities of metadata 
BASIC 
ITEM 
COMPARING AGAINST ANOTHER ITEM 
Digital contents User profiles Queries 
Digital 
content 
Can be used to find similar 
documents. For example 
the user likes a document 
and asks the system to find 
similar documents. 
Can be used to find users 
who might be interested in 
this content. For example 
this might support the 
automatic news. 
Not practical. 
Theoretically it can reveal 
which queries could have 
found the digital content. 
User 
profile 
Can be used to find and 
rank documents that might 
be interesting to the user. 
Can be used to find similar 
users and stereotypes. For 
example the user likes to 
find and contact other users 
that have similar interests. 
Not practical. 
Query 
Can be used to find digital 
content that matches the 
query. This is used in 
searching and calculating 
relevance. 
Can be used to find users 
with specific interests and 
other properties. This can be 
used for the social network 
and the stereotypes. 
Can be used to calculate the 
similarities of two queries for 
calculating the Basic Topical 
Relevance metric (BT) as 
described in D4.2 section 2.4.1 
2.4.1 Update on metrics  
In D4.2 (section 2.4.2) the Basic Personal Relevance Ranking (BP) is described. This metric tries to 
establish the learning preferences of the user and compare them with the characteristics of the objects 
in the result list. 
To calculate the personal rank, each CMM record from the result list is converted to a representation 
similar to the user profile. Then, the calculation of Basic Personal Relevance Metric is performed 
comparing the profile of every object against the profile of the user, finding out the documents that 
might be interesting to the user. 
Instead of comparing an user profile against many digital objects, we can compare an user profile 
against many other user profiles. Thus, starting from Basic Personal Relevance Metric we can define 
another metric for finding similar users, those have similar interests, and stereotypes. In particular, in 
the following sections, it will be described a metric that compares two user profiles returning a number 
which represents the distance between the users. 
User profile 
First of all we have to define the user profile, in particular we have to decide which information is 
relevant to support the customization and personalization system. 
Analyzing the User Modelling proposed by ITD (see Section 6.2) and the Deliverable 4.2 (Metrics for 
Resource-User Matching) we can represent the user profile by two sections: explicit data (all the 
information explicitly provides by the user) and implicit data (all the information collected 
automatically by the system analyzing the interactions of the user with the system, in particular the 
resources that he/she selected). 
Enriching the XML file reported in D4.2 (section 2.4.2), which stores information about the objects 
selected by an user, it is possible to represent the user profile as follows: 
Example 1 - User Profile (User 1) 
<?xml version="1.0"?> 
 <cam xmlns="http://...." version="1.0"> 
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  <head> 
    <title>Example of user profile</title> 
    <dateCreated>2010-01-05T01:55:00Z</dateCreated> 
  </head> 
 
  <body defaultprofile="sharetec"> 
    <profile name="sharetec"> 
      <explicitData> 
        <concepts> 
          <concept key="accountInformation"> 
            <values> 
              <value key="username">ptosato</value> 
              <value key="userEmail">ptosato@tiscali.it</value> 
            </values> 
    </concept> 
          <concept key="personalInformation"> 
            <values> 
              <value key="name">Paolo</value> 
              <value key="surname">Tosato</value> 
              <value key="birthdate">1977-04-05</value> 
            </values> 
          </concept> 
          <concept key="otherPersonalInformation"> 
            <values> 
              <value key="physicalLimitation">visualImpairment</value> 
              <value key="teacherEducation">teacherEducator</value> 
              <value key="teacherPractice">tutor</value> 
              <value key="paraEducation"></value> 
              <value key="workingLanguage">IT</value> 
              <value key="country">Italy</value> 
              <value key="context">secondStageOfTertiaryEducation</value> 
            </values> 
          </concept> 
          <concept key="customization"> 
            <values> 
              <value key="levelOfAdaptivity">3</value> 
              <value key="similarity">1.5</value> 
            </values> 
          </concept> 
        </concepts> 
      <explicitData> 
 
      <implicitData>    
        <selected>40</selected> 
 
        <concepts> 
          <concept key="language" updated="2009-06-22T01:55:00Z"> 
     <values> 
       <value key="it">27</value> 
       <value key="en">13</value> 
     </values> 
   </concept> 
          <concept key="cost" updated="2009-06-22T01:55:00Z"> 
     <values> 
       <value key="yes">8</value> 
       <value key="no">20</value> 
     </values> 
   </concept> 
          <concept key="knowledgeArea" updated="2009-06-22T01:55:00Z"> 
     <values> 
       <value key="educationScience">10</value> 
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       <value key="computerUse">30</value> 
     </values> 
   </concept> 
          <concept key="teacherPracticeContext" updated="2009-06-
22T01:55:00Z"> 
     <values> 
       <value key="secondary">20</value> 
       <value key="primary">4</value> 
       <value key="tertiaryEducation">16</value> 
     </values> 
   </concept> 
        </concepts> 
 
        <sources> 
          <source key="bookmark" updated="2009-06-22T01:55:00Z"> 
            <value key="<reference>">10</value> 
          </source> 
          <source key="visualization" updated="2009-06-22T01:55:00Z"> 
            <value key="<reference>">15</value> 
          </source> 
          <source key="savedQuery" updated="2009-06-22T01:55:00Z"> 
            <value key="<reference>">30</value> 
          </source> 
          <source key="metadataUpload" updated="2009-06-22T01:55:00Z"> 
            <value key="<reference>">0</value> 
          </source> 
          <source key="annotationUpload" updated="2009-06-22T01:55:00Z"> 
            <value key="<reference>">2</value> 
          </source> 
          <source key="tagging" updated="2009-06-22T01:55:00Z"> 
            <value>7</value> 
          </source> 
        </sources> 
 
      </implicitData> 
    </profile> 
  </body> 
 </cam> 
 
 
The section ―explicitData‖ contains all the data provided by the user during the registration process or 
specified by the user for customizing the adaptivity and recommender system. 
The values for the keys ―physicalLimitation‖, ―teacherEducation‖, ―teacherPractice‖, 
―paraEducation‖, ―workingLanguage‖, ―country‖, and ―context‖ are selected from TEO. In particular, 
the values for ―context‖ are all the terminal leaves of TEO ―Context branch‖. 
The values for ―levelOfAdaptivity‖ are 1, 2 and 3, respectively for no adaptivity, basic adaptivity and 
full adaptivity (see section 2.3.3.6). 
The section ―implicitData‖ is composed by 2 main sections: ―concepts‖, that contains the number of 
objects selected by the user with a specific value, and ―sources‖. Each element of the sources section 
contains a reference to a list of values and the number of values of this list. For instance, the fields 
with key ―bookmark‖ contains an unique reference to the bookmarked metadata record of a digital 
resource and the number of the bookmarked metadata record. The only exception is the source with 
the key ―tagging‖, which contains the total number of resources tagged or rated by the user, without 
any reference. 
Analyzing the numeric values contained in the ―sources‖ section it is possible to guess the user’s level 
of activity and the user’s type of activity. By establishing specific thresholds we can understand if an 
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user is ―active‖ or ―passive‖ or if he/she is a ―contributor‖ or a ―reader‖ of resources. This information 
can be useful for the recommender system. 
The section ―implicitData‖ also contains the field ―selected‖, which stores the total number of 
resources (metadata record) selected by the user. 
In the previous profile, the ―concepts‖ section has a small difference compared with the user profile 
example of D4.2. The values in the ―knowledgeArea‖ are not the instances of TEO ―KnowledgeArea 
branch‖, but the classes which belongs the instances (level 1,2,3 of TEO ―KnowledgeArea branch‖); 
i.e. instead of storing the instance ―distanceEducationMethodology‖ is stored its class ―Education 
Science‖, and instead of ―internetUse‖ is stored the class ―Computer use‖. This has two advantages: to 
limit the number of possible values in the ―knowledgeArea‖ concept, and to consider in closer relation 
two users who have different interests, like ―Internet Use‖ and ―Social Web‖, in the same area of 
interest ―Computer use‖. It is possible to apply the same rule also for measuring the similarity between 
the user profile and a digital object. 
For the same reasons, the values for ―teacherPracticeContext‖ concept are selected from level 2 and 3 
of TEO ―Teacher Practice Context Sub-class‖. 
An important prerequisite for comparing pairs of objects containing compatible metadata fields is that 
all the information must to be stored in the same language; otherwise a translation in a common 
language it is necessary. With reference to the example 1, this implies that the explicit data 
―otherPersonalInformation‖ have to be stored in English, as well as the implicit data ―knowledgeArea‖ 
and ―teacherPracticeContext‖. This is important not only for comparing two user profiles, but also for 
comparing a user profile with a digital object. In Basic Personal Relevance Metric described in D4.2 
(section 2.4.2) it is important that also an object profile is represented in English (to avoid a translation 
we can require that the ―knowledgeArea‖ and the ―teacherPracticeContext‖ of a metadata record are 
always specified in English). 
Distance between two users 
The information stored in implicit data ―concepts‖ section is used to calculate the metric to measure 
the distance between two users. As described in D4.2 (section 2.4.2), the number of objects with a 
specific value saved into the user profile are used to calculate a set of the relative frequencies for the 
different metadata field values. Based on example 1, the relative frequencies of the objects clicked by 
the user can be represented as follows: 
U1 = [Language (it = 0.675, en = 0.325), Cost (yes = 0.2, no = 0.5),  KnowledgeArea 
(educationalScience = 0.25, computerUse = 0.75),  TeacherPracticeContext (secondary = 0.5, primary 
= 0.1, tertiaryEducation = 0.4)] 
The metric for calculating the distance between two users is similar to the Basic Personal Relevance 
Metric described in D4.2 (section 2.4.2), but there are three main differences: 
 we compare two user profiles and not a user profile against a digital content; 
 the representation of a user profile is quite different from an object profile, which contains 
only relative frequencies of 1.0 or 0.0 for each field’s value; 
 the Basic Personal Relevance Metric calculates the similarity between an user profile and an 
object profile (the higher is the value of the metric the closer are user profile and object 
profile), while the new metric calculates the distance between two user profiles (the higher is 
the value of the metric the smaller is the similarity between user profiles) 
To calculate the distance between the same field of two user profiles it is possible to calculate the sum 
of the euclidean distances of each value of this field. At the end it is possible to sum the distances of 
each field to obtain the distance between two user profiles. 
The maximum distance for the fields ―language‖ and ―cost‖ is 2, since every resources selected by an 
user can have only one value for these metadata fields. This is different for ―knowledgeArea‖ and 
―teacherPracticeContext‖, because every resources can specify more than one value for these fields. 
To normalize the calculation of the metric it is possible to impose a threshold value equals to 2 also for 
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these fields. Follows the metric for calculating the distance between the same field of two different 
user profiles. 
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Metric 1 Distance between the same field of two user profile 
The function dv calculates the distance between two relative frequencies. The function df calculates the 
distance between a particular field f of two user profiles. NV is the total number of values and 
f(u1).valuei is the relative frequency of the i-th value in the field  f of the user profile u1. 
To calculate the distance between two user profiles the User-Distance Personal Relevance Metric is 
defined. 
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Metric 2 User-Distance Personal Relevance Metric 
NF is the number of fields of the user profile and fi is the i-th user profile’s field. 
According with this metric, for comparing two user profiles it is necessary to represent them with the 
same number of fields and values. For instance, an user profile has a relative frequency of 1 in the 
value ―it‖ of the field ―language‖, and another user profile has a relative frequency of 1 in the value 
―en‖ of the field ―language‖. The distance between the field ―language‖ of these user profiles is equals 
to 2, i.e. the sum of the distances between the value ―it‖, dv(1, 0) = 1 and the value ―en‖, dv(0,1) = 1.  
Let’s consider the following user profile. 
Example 2 - User Profile (User 2) 
<?xml version="1.0"?> 
 <cam xmlns="http://...." version="1.0"> 
  <head> 
    <title>Example of user profile</title> 
    <dateCreated>2010-01-05T01:55:00Z</dateCreated> 
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  </head> 
 
  <body defaultprofile="sharetec"> 
    <profile name="sharetec"> 
      <explicitData> 
        <concepts> 
          <concept key="accountInformation"> 
            <values> 
              <value key="username">mrossi</value> 
              <value key="userEmail">mrossi@unive.it</value> 
            </values> 
    </concept> 
          <concept key="personalInformation"> 
            <values> 
              <value key="name">Mario</value> 
              <value key="surname">Rossi</value> 
              <value key="birthdate">1967-02-20</value> 
            </values> 
          </concept> 
          <concept key="otherPersonalInformation"> 
            <values> 
              <value key="physicalLimitation"></value> 
              <value key="teacherEducation">teacherEducator</value> 
              <value key="teacherPractice">teacher</value> 
              <value key="paraEducation"></value> 
              <value key="workingLanguage">IT</value> 
              <value key="country">Italy</value> 
              <value key="context">secondStageOfTertiaryEducation</value> 
            </values> 
          </concept> 
          <concept key="customization"> 
            <values> 
              <value key="levelOfAdaptivity">3</value> 
              <value key="similarity">2</value> 
            </values> 
          </concept> 
        </concepts> 
      <explicitData> 
 
      <implicitData>    
        <selected>60</selected> 
 
        <concepts> 
          <concept key="language" updated="2009-06-22T01:55:00Z"> 
     <values> 
       <value key="it">50</value> 
       <value key="en">10</value> 
     </values> 
   </concept> 
          <concept key="cost" updated="2009-06-22T01:55:00Z"> 
     <values> 
       <value key="yes">15</value> 
       <value key="no">40</value> 
     </values> 
   </concept> 
          <concept key="knowledgeArea" updated="2009-06-22T01:55:00Z"> 
     <values> 
       <value key="educationScience">30</value> 
       <value key="teacherTrainingAndEducationScience">5</value> 
       <value key="metacognition">20</value> 
       <value key="computerScience">10</value> 
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     </values> 
   </concept> 
          <concept key="teacherPracticeContext" updated="2009-06-
22T01:55:00Z"> 
     <values> 
       <value key="secondary">5</value> 
       <value key="tertiaryEducation">40</value> 
     </values> 
   </concept> 
        </concepts> 
 
        <sources> 
          <source key="bookmark" updated="2009-06-22T01:55:00Z"> 
            <value key="<reference>">20</value> 
          </source> 
          <source key="visualization" updated="2009-06-22T01:55:00Z"> 
            <value key="<reference>">30</value> 
          </source> 
          <source key="savedQuery" updated="2009-06-22T01:55:00Z"> 
            <value key="<reference>">35</value> 
          </source> 
          <source key="metadataUpload" updated="2009-06-22T01:55:00Z"> 
            <value key="<reference>">3</value> 
          </source> 
          <source key="annotationUpload" updated="2009-06-22T01:55:00Z"> 
            <value key="<reference>">0</value> 
          </source> 
          <source key="tagging" updated="2009-06-22T01:55:00Z"> 
            <value>0</value> 
          </source> 
        </sources> 
 
      </implicitData> 
    </profile> 
  </body> 
 </cam> 
 
 
The relative frequencies of the objects clicked by user are: 
U2 = [Language (it = 0.833, en = 0.167), Cost (yes = 0.25, no = 0.667),  KnowledgeArea 
(educationalScience = 0.5, teacherTrainingAndEducationScience = 0.083, metacognition = 0.333, 
computerScience = 0.167),  TeacherPracticeContext (Secondary = 0.083, TertiaryEducation = 0.667)] 
The UDP value for the users U1 and U2 is equals to 
UDP(U1,U2)  = df(U1, U2, ―Language‖) +  
df(U1, U2, ―Cost‖) +  
df(U1, U2, ―KnowledgeArea‖) +  
df(U1, U2, ―TeacherPracticeContext‖) = 
dv(0.675, 0.833) + dv(0.325, 0.167) + 
dv(0.2, 0.25) + dv(0.5, 0.667) + 
dv(0.25, 0.5) + dv(0.75, 0.0) + dv(0.0, 0.083) + dv(0.0, 0.333) + dv(0.0, 0.167) + 
dv(0.5, 0.083) + dv(0.1, 0.0) + dv(0.4, 0.667) = 
0.158 + 0.158 + 
0.05 + 0.167 + 
0.25 + 0.75 + 0.083 + 0.333 + 0.167 + 
0.417 + 0.1 + 0.267 = 
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0.316 + 0.217 + 1.583 + 0.784 = 2.9 
 
 
Figure 11 Calculation of User-Distance Personal Relevance Metric 
A critical issue for this metric, as well as for Basic Personal Relevance Metric, is the representation of 
the user profile when an user has just registered in Share.TEC system. When an user log in to the 
system for the first time, we only have explicit data in his/her user profile. So, we can consider this 
information for calculating the distance between two users. At the beginning, we take into account 
only the explicit data; when an user has selected more than N objects then we can consider also the 
implicit data. 
It is possible to compare the explicit data of two user profiles with a simple text maching. 
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Metric 3 Explicit Data-Distance Metric 
For calculating the Explicit Data-Distance Metric only the values of the concept 
―otherPersonalInformation‖ are take into account. NEF is the number of fields in the user profile’s 
concept ―otherPersonalInformation‖. 
Using the user profiles of example 1 and example 2 it is possible to calculate Explicit Data-Distance 
Metric as follows: 
EDD(U1, U2)  = d(―visualImpairment‖, ―‖) + 
   d(―teacherEducator‖, ―teacherEducator‖) + 
   d(―tutor‖, ―teacher‖) + 
   d(―‖, ―‖) + 
   d(―IT‖, ―IT‖) + 
   d(―Italy‖, ―Italy‖) +  
   d(―secondStageOfTertiaryEducation‖, ―secondStageOfTertiaryEducation‖) = 
    
   1 + 0 + 1 + 0 + 0 + 0 + 0 = 2 
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Figure 12 Calculation of Explicit Data-Distance Metric 
Renaming metric 2 as Implicit Data-Distance Metric (IDD), it is possible to define a new User-
Distance Personal Relevance Metric (UDP), that considers both explicit and implicit data. 
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Metric 4 User-Distance Personal Relevance Metric – with explicit and implicit data 
The coefficients α and β define the weight of each component inside the expression. When we 
compare two users who have selected a small number of resources, we can consider β equals to 0 and 
α equals to 1. When one of the users or both have selected a significant number of resources, then we 
can consider the implicit data. We can also consider the user’s behavior more important than the 
information explicitly provided, for instance, assigning to β the value 1 and to α the value 0.5.  
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2.4.2 Using metrics for ranking  
Ranking searching result is the process of ordering the results in a way that those on the top of the list 
are likely to be more relevant to the user interests and goals. However, ranking could never provide 
perfect ordering at least because user’s intentions are extremely subjective. 
This section describe using metrics for ranking without referring to the actual metric being used. The 
only requirements are the features listed in the beginning of section 2.4 Using metrics for adaptivity 
implementation.  
 
Figure 13 Searching without ranking 
Different schemes of ranking (depending on the level of adaptivity) are illustrated in Figure 13, Figure 
14 and Figure 15. 
Figure 13 represents searching without adaptivity. Search result as displayed to the user in the fastest 
possible way at the cost of being unordered. Query tags are used only for finding the results. They are 
not used to calculate the relevance of each item from the result list. This type of searching does not 
require access to other data except for the query metadata and the metadata of the digital content. 
A more adaptive search is illustrated in Figure 14. Searching filters entries from the Digital Content 
repository and the result list is a collection of found entries. This collection is a raw result, because it 
is still unprocessed according to the ranking. The Recommender System evaluates the rank score of 
each result using its metadata and the metadata of the query. The final step is to order the result entries 
according to their scores. 
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Figure 14 Searching with basic ranking 
Query tags are used for two things – to filter the digital content (i.e. searching), and then they are used 
for calculating rank scores (i.e. ranking). The metric used to calculate ranking is described in D4.2 
section 2.2 Ranking based on text similarity. Digital content are ranked using the similariry between 
the query terms and the text fields of the metadata record. 
The most adaptive search supported by the Recommender system takes into account the user model – 
it includes explicit and implicit user’s preferences, user history of past queries, user history of opened 
results, bookmarks, etc. The scheme is represented in Figure 15 and is the same as the previous 
ranking, except that the user model is also a factor in the score calculation. 
This search is the one with most adaptive ranking, however it requires access and processing of a 
much larger amount of data. The metric used to calculate ranking in described in D4.2 section 2.4.2 
Basic Personal Relevance Ranking (BP). The user profile is compared with the metadata values of the 
objects in the result list.  
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Figure 15 Ranking process 
The displaying process in all three cases is essentially the same and is irrelevant to the actual metric 
being used. The displaying process groups the results into blocks (especially if they are too much) and 
shows only these metatags that the user has opted to see (see section 2.3.3.2 ustomizing Details for 
more details). When ranking has been used each displayed item could be accompanied by its relevance 
indicator. 
2.4.3 Using metrics for stereotypes 
User stereotypes will be implemented with similarity rings. There are several types of activities which 
support the stereotypes: finding the ring and using data from the ring. 
Finding a ring is discussed in section 2.1.5 Similarity group design. Internally, finding the ring will use 
the metric for comparing the distance between the current user and all other users. Users that fall 
within the accepted threshold of difference and do not violate any restrictions on the preferred number 
of users in the ring are considered a part of the ring for the current user. Users can modify the ring 
parameters thus allowing more or less users to be a part of the ring. This feature is to be considered an 
advanced feature and should not be accessible when the interface is in beginner’s mode. 
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Figure 16 Finding ring 
Figure 16 illustrates the process of finding the similarity ring of a user. His/her user profile is 
compared against the profiles of all other users. The results are sorted (ranked) and those who comply 
with the user’s preferences for the size of the ring form the virtual ring of the user. 
There is an implementation issue of how to deal with rings – dynamically, statically or regularly. 
These three approaches provide different balance points between performance and accuracy of 
adaptivity. 
 Dynamic stereotypes. Whenever a stereotype is involved the similarity ring of a user is 
calculated at the exact time. Benefits: the most accurate similarity ring, does not require 
permanent stored of stereotypes. Disadvantages: performance issues. 
 Static stereotypes. Similarity rings are found only when explicitly requested by the user. Then 
the result is stored in the user profiles. In Fedora this could be implemented as relationships 
between a user’s profile and the profiles of other users. Once set these relationships are not 
updated unless the user requests a new calculation or some of the users’ profiles are removed 
from the system. Benefits: highest performance at run-time and physical representation of 
stereotypes. Disadvantages: requires storage of relationships and does not react automatically 
on shift of interests. 
 Regular approach. This is a combination of both approaches – rings are defined internally as 
relationships (to support high performance) but are updated regularly (e.g. once a week) or at a 
request by the user. The update can be done off-line or when the system is not busy. 
The second main activity with stereotypes is their usage for the ranking. The metric that is used to 
rank query results of adaptive search will re-sort the results using several criteria – the relevance to the 
query and the relevance to the user profile. The first relevance is more important and when two results 
are scored the same way, the relevance to the user profile determines the actual ordering. This process 
is illustrated in Figure 15 
A possible future development might include the support of physical stereotypes. Users can be 
clustered in groups and each group will form a stereotype. Clustering can be based on user similarity 
but it can also be based on similarity of their rings. 
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2.4.4 Tuning metrics 
The accuracy of metrics can be justified only after running the system with real users. Thus the metrics 
should be possible to adapt depending on the observation. Adaptation must be done by changing 
parameters, and not by changing the algorithms or the software implementation. Such parameters 
could be weights of different elements in the metric formula, proportions of some elements, conditional 
inclusion/exclusion of elements, etc. 
Most likely this process of metric adaptivity will be human-driven. 
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3 Recommender system: specifications and 
prototype 
The main use of the Recommender System (RS) is to provide support to the query system: the RS can 
identify (and suggest) resources that, although they do not exactly match with the specific query 
conditions, are nevertheless ―close‖ to the profile of both the user and the community he/she belongs 
to. This might be obtained by loosening the query, and is especially useful when strict adherence to the 
query filters would provide few or no results. But this approach can also be used to sharpen the focus 
of an underspecified query that would provide too many results: in this case the RS influences the 
ranking of the resources, as they are ordered according to their closeness to the requirements of the 
user/group profile. 
The RS can also come into play when the user enters the system – e.g., in a lateral frame (such as 
when Facebook suggests friends). In this case, information of three kinds can be displayed: 
 resources recommended according to the user profile; 
 notifications (another user has annotated one of the current user’s resources, or a new version 
of a resource that the current user previously visualized has become available, etc.); 
 resources that are recommended to all the users (regardless their profiles), or to specific user 
categories (e.g., content providers) by the system administrators. 
Finally, recommending can also take place when the user shows some interest in a specific resource: 
along with the full description of the selected resource (including the link to the contents) the user is 
notified with similar resources (―people downloading this resource also downloaded …‖). 
RSs usually rely on representations of individual user profiles that also record previous interactions 
with the system (queries, tagging, annotations etc.). With this respect, the user model (UM) should 
take into account: 
 user characteristics; 
 user history; 
 user query behaviour and preferences; 
 social bookmarking; 
 existing groups; 
 inferences guided by TEO. 
More details on a possible UM structure are reported below in section Errore. L'origine riferimento 
non è stata trovata.. 
In the following, the behaviour of the Share.TEC recommender system is described by means of two 
examples. Section 5.2 reports on the implementation of recommending functionalities in the pilot 
version of the Share.TEC system. 
3.1 Examples 
This section provides concrete examples of the RS behaviour, specifically resources recommended 
according to the user profile. Because these are rather informal descriptions, we would prefer to call 
them neither ‖scenarios‖ nor ‖use cases‖. The following facts are assumed. 
 Mary is a teacher educator with a background in Educational Technologies; she is in charge of 
the MA ―ICT and Education (Distance Learning)‖ course at the University of Leeds (UK), 
Faculty of Education, Social Sciences and Law. The course is aimed at all those currently 
using ICT in educational settings, including teachers, trainers, user support staff, educational 
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software developers, librarians and managerial staff; the course is taught online, and all 
students work together in a virtual learning environment. 
 Mary has registered on the Share.TEC system, and has partially filled in her profile, providing 
general information on her background, her professional status (univ. teacher), her language 
(English) and her interest in the ―ICT and Education‖ field. 
 For a couple of months, Mary has been using the Share.TEC system, mostly to search for 
introductory material about ICT and education: in several queries she’s explored the available 
resources specifying such filters as, for instance: knowledge area = educational technology, 
context = undergraduate, employment mode = blended or distance etc. 
 Giovanni is an Italian teacher educator. In his profile he has only specified that he teaches 
―Tecnologie Didattiche‖ at the local SSIS (School of Specialization for Secondary School 
teachers) and that he prefers material in Italian, but also in English. As he is new to 
Share.TEC, no history of previous interactions is available to the system. 
Example 1. 
Mary is preparing a lesson on the usage of synchronous CMC tools in teaching. Having to be delivered 
at a distance, the lesson takes the form of lecture notes that include explanatory text, indications for 
practical (group) activity, individual self-assessment, references to further material. She decides to 
look for suitable material in the Share.TEC repository: she only specifies  ―synchronous CMC‖ as a 
keyword in her query, and the system silently promotes, at the top of the result list, those resources 
that better match Mary’s profile associated info (e.g., the context). Thanks to the TEO, the system can 
determine that ―Undergraduate‖ is a sub-class of ―TeacherEducationInstitution‖, and can widen the 
search to include also results that are related to this broader context, maybe attributing a lower rank to 
those resources that do not strictly match the explicit query requirements. (The mechanism for search 
customisation by semantic query expansion and the use of TEO is described in Section 6.2 while the 
ranking of search results is reported in Section 5.2.8). 
As a result of her search, Mary gets a number of references to English material related to the 
―synchronous CMC‖ topic. After having had a look at some of them, Mary starts to build her lesson 
following a bottom-up approach: she already had some ideas on how it should be, but working on 
concrete material helps her to clarify the details of the lesson objective and contents. Some resources 
call for some adaptation, other just provide suggestions on how a specific aspect could be addressed. 
In particular, Mary has to deal with the constraints posed to her lesson in terms of prerequisites (what 
her students already know), time limitations, tools available etc. Besides, she wants to impose her 
personal style to the lesson; and her university requires that all the material handed out to students 
adheres to precise formatting specifications. 
After some remixing and adaptation of the retrieved materials, Mary produces a well structured lesson 
for her class. Experimental usage with ―pilot‖ students allows Mary to identify some glitches that 
require fine-tuning. Now the whole lesson can be adopted in Mary’s course; it can also be added to the 
Share.TEC system, described as a digital content  pedagogically structured  lesson plan that 
Mary endows with further notes detailing the specific objectives and organization (annotation). 
Example 2. 
Giovanni is preparing a lesson for his educational technology class and is doing some exploratory 
queries in Share.TEC. He’s looking for resources that deal with this general topic, without specifying 
any particular resource type. At this point, he is just trying to get a general idea of what is available 
and will refine his queries later. When responding to Giovanni’s queries, the system takes account of 
the fact that he works with post-graduate students (he specified this in his profile), giving a relatively 
higher ranking to those results that are described as suitable for this target. (As in the previous case, 
this is implemented by semantic query expansion and ranking of search results – see Sections 6.2 and 
5.2.8). At the same time however, the system also identifies Giovanni as a user who has characteristics 
in common with Mary. Both teach in the field of educational technology; although this is expressed in 
different terms for the English and Italian contexts, the TEO recognises the similarity. (The 
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implementation of the recommender system (see Section 5.2) applies user similarity algorithms based 
on the distance between users; this approach draws on the metrics described in Section 3.4.1). 
Consequently, the results listed for Giovanni’s queries includes the lesson plan that Mary has added, 
because it’s potentially useful to someone like Giovanni. While the lesson plan is in English and is 
designed for Mary’s specific context, it provides Giovanni with a strong basis for structuring his own 
lesson and gives him ideas about what kind of learning contents could be integrated so that the lesson 
meets his specific purposes. He already has some material of his own he can integrate but Mary’s 
example has given him ideas about other material that would be useful, so he runs some more specific 
queries in Share.TEC to see if there are specific ready-to-use resources in Italian that he can integrate 
to enrich the final plan.     
In both of these cases the protagonists are registered users who are logged in to the system. However, 
we also need to take account of anonymous users who are not logged in and who access the system to 
perform searches, etc. In this case, there is a need to determine default behaviours, possibility driven 
by a global/overarching user model (see next section) that represents the average of real users. If we 
provide a ―prototypical‖ user model for anonymous users and new entries we have a way to deal with 
the transitory period in the initial life of the system when the limited number of users would not allow 
for meaningful similarity-based adaptivity. Subsequently when the number of users grow the 
―prototypical user model can evolve to be representative of the whole average population.    
3.2 Implementation of the recommender system 
This section describes in brief the implementation of the recommender system. It is based on the 
Apache Mahout [19] recommender and uses the Solr search engine [21]. 
3.2.1 Using Mahout to build a recommender system 
Apache Mahout [19] is an open source project by the Apache Software Foundation with primary goal 
to create a scalable machine-learning library. Mahout contains implementations of algorithms for 
recommender engines, clustering and classification. Furthermore, it uses the Apache Hadoop library to 
enable Mahout to scale effectively in the cloud [19, 20]. 
Mahout's primary features are [19, 20]: 
 Taste. Taste is an open source project for Collaborative Filtering (CF) started by Sean Owen 
on SourceForge and donated to Mahout in 2008. 
 Several Map-Reduce enabled clustering implementations, including k-Means, fuzzy k-Means, 
Canopy, Dirichlet, and Mean-Shift. 
 Distributed Naive Bayes and Complementary Naive Bayes classification implementations. 
 Distributed fitness function capabilities for evolutionary programming. 
 Matrix and vector libraries. 
Mahout currently provides tools for building a recommendation engine through the Taste library — a 
fast and flexible engine for collaborative filtering. Taste supports both user-based and item-based 
recommendations and comes with many choices for making recommendations, as well as interfaces 
that permit to define your own recommendations. Taste consists of five primary components that work 
with Users, Items and Preferences [19]: 
 DataModel: Storage for Users, Items, and Preferences 
 UserSimilarity: Interface defining the similarity between two users 
 ItemSimilarity: Interface defining the similarity between two items 
 Recommender: Interface for providing recommendations 
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 UserNeighborhood: Interface for computing a neighborhood of similar users that can then be 
used by the Recommenders 
Figure 17 shows a diagram of the relationships between various Taste components in a user-based 
recommender for the Share.TEC system.  
The following steps are needed to make an user-based recommender: 
 Create a DataModel 
 Define UserSimilarity 
 Get a neighborhood of users 
 Create a Recommender 
 Get recommended items 
Similar steps are needed to create item-based or custom recommender. 
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Figure 17 Relationships between Taste components in user-based recommender 
3.2.2 Data collection, indexing and processing 
The recommender system and the search engine use data from the following sources: 
 CMM records in the central repository 
 TEO 
 User profile – explicit data 
 User profile – implicit data 
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The CMM records and TEO are stored in Share.TEC Central Repository, while the user profiles, 
resources’ comments, ratings and tags are stored in the database of the Share.TEC Central Portal. 
The Solr search engine [21] is configured to use indexes on CMM fields and TEO. The indexes are 
built incrementally and updated whenever a CMM record is added to the repository. 
The Share.TEC Central Portal keeps track of user activities – resources viewed, rated, tagged and 
commented, search queries, etc. These logs need to be processed in order to build the implicit user 
profiles. This is implemented by creating a special job in Hadoop that is working asynchronous with 
the database of the Central Portal. 
Other jobs in Hadoop are defined to process user profiles, compute the distance between the users 
using the metrics defined in Section 2.4.1 and to compute the user clusters. 
3.2.3 Recommending resources to all users 
These are resources that are recommended to all users including anonymous users (i.e. not 
authenticated users). 
The most viewed overall metadata descriptions are presented to the user. The system can also display 
the top rated resources. 
A content based resource recommender has been also implemented and can be used by all users. When 
a user views a metadata description of a resource, she/he can click and a ―See More Like This‖ link 
and the system shows a list of similar resources. This functionality is implemented by using the 
MoreLikeThisHandler component of the search engine Solr based on text similarity between 
documents. The current implementation uses the Title and Description of the resources, but it can be 
configured to use also other CMM fields, for instance ―keywords‖. 
3.2.4 Recommending resources according to user profile 
These are resources that are recommended only to authenticated users (these users already have user 
profiles in the Share.TEC system). 
The system recommends resources that most match the explicit user profile (working language, 
knowledge area, professional area, experience area, teacher education, teacher practice, etc.). The 
implementation uses the Solr search engine to find the relevant resources. A query is automatically 
generated and it uses the Lucene's boosting mechanism to boost the importance of the terms that 
match the user profile. The boosting factors are selected in an appropriate way so the first search 
results ordered by rank most match the explicit user profile. 
3.2.5 Recommending most-viewed resources according to user profile 
In this case the system recommends resources that are most viewed by users that are close to the 
current user according to the user profile. 
The implementation uses a user-based recommender. First, a neighbourhood of the current user is 
computed based on the metrics defined in Section 2.4.1 (the distances between the users are already 
asynchronously computed by a Hadoop job). Then the recommender selects resources most viewed by 
users in the neighbourhood and not viewed by the current user. 
3.2.6 Recommending users according to user profile 
The system recommends users that are close to the current user according to user profile. 
The implementation uses the precomputed distances between the users and finds a neighbourhood of 
the current user in the same way as described in Section 3.2.5. 
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3.2.7 Recommending users according to viewed resources  
In this case the system recommends users that are close to the current user according to the viewed 
resources and the metadata of the resources.  
3.2.8 Search and ranking of search results 
Search is one of the central functionalities of the Share.TEC Central Portal and plays an important role 
in the adaptivity of the system. The implementation makes use of the advanced capabilities of the Solr 
search engine such as full text search, faceted search, ranking of search results, etc. 
Faceted search gives the user the opportunity to explore the search results using a faceted 
classification. The user can further filter the found resources for example by author, subject, language, 
format, etc. 
Another important feature of the implementation of search is the ranking of search results. By default 
(at basic adaptivity level) the search results are sorted by the relevance of the search query.  
At full adaptivity level the ranking of the results is computed in a different way. In this case the user 
preferences and interests in the explicit user profile are taken into account. The query is expanded and 
it uses the Lucene's boosting mechanism to boost the importance of the terms that match the user 
profile. Furthermore, based on TEO, the query can be ―loosen‖ to return relevant results (but with a 
lower rank) also for resources that can be classified in upper class in the TEO hierarchy. And finally, 
but not least important, the system uses a resource recommender to get a list of the most-viewed 
resources according to user profile (see Section 3.2.5). So the query is extended also to boost the rank 
of these resources. 
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Acronyms 
This section contains a list of acronyms used in this document. 
CM Content Model 
CMM Common Metadata Model  
DC Dublin Core 
Fedora Flexible Extensible Digital Object Repository Architecture 
IPR Intelectual Property Rights 
iTQL Interactive Tucana Query Language 
LOM Learning Object Metadata 
MMF Metadata Migration Facility 
OAI Open Archive Initiative 
OAI-PMH Open Archive Initiative Protocol for Metadata Harvesting 
OWL Web Ontology Language 
OWL LITE Simpler version of the Web Ontology Language 
PID Persistent Identifier  
RDF Resource Description Framework 
REST REpresentational State Transfer 
RICK Resource Integration Companion Kit  
RUP Rational Unified Process 
SOAP Simple Object Access Protocol 
SPARQL SPARQL Protocol and RDF Query Language 
SPI Simple Publishing Interface 
SPO Subject, Predicate, Object 
TEO Teacher Education Ontology 
TEOWL TEO+OWL 
XML Extensible Markup Language 
XSD XML Schema Definition 
XSLT Extensible Stylesheet Language Transformations 
UI User Interface 
URI Unified Resource Identifier 
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